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Abstract

This thesis presents a comprehensive machine learning approach to model and
predict the power output of photovoltaic (PV) panels. It investigates the in u-
ence of various factors on the performance of PV panels, including weather con-
ditions and external in uences. The study develops a machine learning model
using the Python programming language and the scikit-learn library.

The model is trained and evaluated on a carefully curated dataset of PV power
output measurements. Rigorous performance metrics are employed to assess
the accuracy and reliability of the model’s predictions. The results demonstrate
the e ectiveness of the machine learning techniques in accurately forecasting
the power output of PV systems.

Furthermore, the project delves into the potential implications of government
policies and incentives in facilitating the growth and development of the PV
industry. It highlights the signi cant bene ts of expanding the utilization of
renewable solar energy sources. Detailed discussions on the role of supportive
policies and incentives shed light on how the PV industry can thrive in the fu-
ture.

While achieving commendable results, this project acknowledges the need for
continuous improvements and future research in the modeling and measurement
of PV panels. Speci c areas for future exploration include advanced feature engi-
neering techniques, incorporation of real-time weather data, and the integration
of additional data sources to enhance the accuracy and robustness of the models.

In summary, this project showcases a machine learning-based approach to accu-
rately predict the power output of PV panels. It underscores the importance of
supportive government policies and incentives for the growth of the PV industry.
The ndings and future research directions presented in this study contribute
to the advancement of renewable energy technologies and their sustainable in-
tegration into our energy systems.

Keywords: Photovoltaic panels, Power output prediction, Machine learning,
Weather conditions, External in uences, Python programming, Scikit-learn li-
brary, Dataset, Performance metrics, Accuracy, Reliability, Government poli-
cies, Incentives, Renewable energy, Solar energy, Feature engineering, Real-time
weather data, Data integration, Sustainable energy, Energy systems, Future
research.



Implementacao de um Sistema In-
teligente para Paineis Fotovoltaicos

Resumo

Esta tese apresenta uma abordagem abrangente de aprendizado de maquina
para modelar e prever a sa da de energia de paineis fotovoltaicos (PV). Inves-
tiga a in uéncia de varios fatores no desempenho dos paineis PV, incluindo as
condicees climaticas e in uéncias externas. O estudo desenvolve um modelo
de aprendizado de maquina usando a linguagem de programacao Python e a
biblioteca scikit-learn.

O modelo e treinado e avaliado em um conjunto de dados cuidadosamente elab-
orado de medicees de sa da de energia PV. Metricas rigorosas de desempenho
sao utilizadas para avaliar a precisao e con abilidade das previsees do modelo.
Os resultados demonstram a e cacia das tecnicas de aprendizado de maquina
em prever com precisao a sa da de energia de sistemas PV.

Alem disso, o projeto explora as poss veis implicacees das pol ticas governamen-
tais e incentivos no que diz respeito a promocao do crescimento e desenvolvi-
mento da industria de PV. Ele destaca os benef cios signi cativos da expansao
da utilizacao de fontes de energia solar renovavel. Discussees detalhadas sobre
o0 papel de pol ticas de apoio e incentivos lancam luz sobre como a industria de
PV pode prosperar no futuro.

Apesar de alcancar resultados louvaveis, este projeto reconhece a necessidade de
melhorias cont nuas e pesquisas futuras na modelagem e medicao de paineis PV.
Areas espec cas para exploracao futura incluem tecnicas avancadas de engen-
haria de caracter sticas, incorporacao de dados meteorologicos em tempo real e
a integracao de fontes de dados adicionais para aprimorar a precisao e robustez
dos modelos.

Em resumo, este projeto apresenta uma abordagem baseada em aprendizado
de maquina para prever com precisao a sa da de energia de paineis PV. Ele
destaca a importéancia de pol ticas governamentais de apoio e incentivos para o
crescimento da industria de PV. As descobertas e direcees futuras de pesquisa
apresentadas neste estudo contribuem para o avanco das tecnologias de energia
renovavel e sua integracao sustentavel em nossos sistemas de energia.

Palavras-chave: Paineis fotovoltaicos, Previsao de sa da de energia, Apren-
dizado de maquina, Condicees climaticas, In uéncias externas, Programacao
Python, Biblioteca scikit-learn, Conjunto de dados, Metricas de desempenho,



Precisao, Con abilidade, Pol ticas governamentais, Incentivos, Energia renovavel,
Energia solar, Engenharia de caracter sticas, Dados meteorologicos em tempo
real, Integracao de dados, Energia sustentavel, Sistemas de energia, Pesquisa
futura.
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Chapter 1

Introduction

This project aims to enhance our understanding of photovoltaic (PV) panels by
developing a machine learning system to predict their power output accurately.
The research is divided into four chapters, each focusing on di erent aspects of
the project.

Chapter 2 introduces fundamental concepts related to solar energy and PV
panels. It explores modeling and simulation techniques to analyze the char-
acteristics of PV panels and investigates factors in uencing their performance.
Additionally, the chapter scrutinizes the in uential factors, both internal and
external, that impact the performance of PV panels. A vital component of this
chapter involves the presentation of a meticulously curated database, providing
a robust foundation for data analysis.

In Chapter 3, we con gure and program an ESP32 model to collect necessary
data. This step involves integrating sensors with the ESP32 to retrieve sensor
values e ciently and store them in a designated database.

Chapter 4 focus on the development of a cutting-edge machine learning system
using the Python programming language and the powerful scikit-learn library.
This system represents the heart of the research project, propelling the accu-
rate prediction of PV panel power output. The chapter meticulously outlines
the comprehensive steps involved in the system’s development, encompassing
data exploration, preparation, model selection, evaluation, and deployment. By
leveraging state-of-the-art machine learning techniques, this chapter paves the
way for achieving the primary objective of the project.

Chapter 5 explores future prospects and potential enhancements in PV panel
modeling and measurement. It encompasses improving data quality and diver-
sity, re ning measurement systems, and delves into the crucial role that govern-
ment policies and incentives can play in fostering the growth of the PV industry.
The chapter concludes by discussing the vast potential bene ts that accompany



the expansion of renewable solar energy usage. Providing a roadmap for future
research and development, this chapter contributes to the continuous advance-
ment of PV panel technology.

In summary, this project revolves around the pivotal goals of precise mod-
eling and measurement of PV panels, complemented by the development of
an advanced machine learning system for accurately predicting their power
output. Each chapter serves a vital role in addressing speci ¢ facets of the
research, propelling our understanding of PV panels and advocating for the
widespread adoption of renewable solar energy. By amalgamating fundamen-
tal concepts, cutting-edge data acquisition techniques, state-of-the-art machine
learning methods, and future considerations, this project aims to make signi -
cant contributions to the eld of PV panels, driving their seamless integration
into our sustainable energy systems.



Chapter 2

State Of The Art

The introductory chapter provides an overview of solar energy and its utiliza-
tion through photovoltaic panels. It begins by establishing the context for sub-
sequent discussions on modeling and simulating these panels. These techniques
are crucial for understanding their behavior and performance in various appli-
cations. The chapter explores the analysis of I-V and P-V characteristics using
both ve and seven-parameter models. This analysis enables researchers to gain
insights into the electrical behavior and e ciency of photovoltaic systems. Fur-
thermore, it examines the in uence of external and internal parameters on the
performance of these panels, encompassing factors such as temperature, irradi-
ance, series resistance, and shunt resistance, among others. The signi cance of
each parameter is discussed, emphasizing its impact on the overall performance
and e ciency of photovoltaic systems. Lastly, the chapter includes a compre-
hensive review of the database utilized in the project, providing insights into
its purpose and relevance in supporting the research and analysis conducted
throughout the chapter.




2.1 Current Advances in Photovoltaic Panel Tech-
nology

In recent years, photovoltaic (PV) technology has emerged as a promising renew-
able energy source, providing a clean and sustainable alternative to traditional
fossil fuels. PV panels convert sunlight directly into electricity, making them
an environmentally friendly and cost-e ective solution for generating electric-
ity. As the demand for renewable energy continues to grow, PV technology has
gained increasing attention from researchers and policymakers worldwide.

The current state of the art in PV technology is constantly evolving, with ad-
vancements being made in both the materials and structures used in PV panels,
as well as the techniques used to optimize their performance. This chapter
provides an overview of the global state of the art in PV technology, followed
by a discussion of recent developments in the eld of PV parameter extraction
and sensitivity analysis. Additionally, the chapter explores the growing use of
machine learning algorithms in PV technology, speci cally in the areas of power
prediction and parameter extraction.

2.1.1 Global State of the Art in Photovoltaic Systems

Photovoltaic (PV) panels have been a rapidly growing technology in recent years
due to the increasing demand for renewable energy sources. The global market
for PV panels has been expanding at a compound annual growth rate of over
20% in the past decade, with an estimated installed capacity of 635 GW as of
2021. The market is dominated by several major players, including China, the
United States, and India, which collectively account for over 70% of the installed

capacity.

Recent advancements in PV technology have focused on improving the e ciency
and durability of PV panels. These e orts have included the development of
new materials, such as perovskite and organic photovoltaic materials, as well as
improvements in the manufacturing process to reduce costs and increase pro-
duction capacity[1].

Additionally, there has been a growing interest in integrating PV panels with en-
ergy storage systems to provide reliable and stable renewable energy generation.
The use of microinverters and power optimizers has also become increasingly
common, as they allow for better control and monitoring of the PV system per-
formance.
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Moreover, there has been a growing interest in using arti cial intelligence (Al)
and machine learning (ML) techniques to optimize the performance and e -
ciency of PV systems. These techniques can be used to predict power output,
optimize panel placement, and monitor system health. The use of ML algo-
rithms is expected to further improve the accuracy and e ciency of PV systems,
leading to increased adoption and a more sustainable future[2].

2.1.2 Recent Development on Photovoltaic Parameters Es-
timation: Total Least Squares Approach and Meta-
heuristic Algorithms

Photovoltaic parameter extraction is a crucial aspect of PV panel characteri-
zation, as it allows for the identi cation of internal parameters that a ect the
performance of the panel. A recent study has proposed a new cost function
based on Total Least Squares (TLS) for parameter extraction and compared
its performance with the traditional Ordinary Least Squares (OLS) approach.
The study also employed eleven di erent metaheuristic optimization methods
to evaluate the performance of the two cost functions for both single and double
diode PV cell models.

The results showed that the TLS method outperformed the OLS approach in
parameter estimation, with the best results obtained when using the Teach-
ing Learning Based Optimization algorithm for the double diode model. The
convergence properties of the two cost functions were also evaluated, with the
Dragon y method showing the biggest di erence in mean value of RMSE be-
tween the two methods][3].

2.1.3 Photovoltaic Panel Characterization and Sensitivity
Analysis

Another recent study has investigated the behavior of a photovoltaic system
using single and double diode models. The study conducted a sensitivity anal-
ysis and a comparative study of two numerical algorithms to characterize the
system from the internal parameters point of view. The study also analyzed the
in uence of temperature, ideality factor, and serial resistance on the PV panel’s
performance and studied the degradation of the panel.

The results showed that the internal parameters had a signi cant e ect on
the PV panel’s performance, with the temperature having the largest in uence.
The study also demonstrated that the use of a double diode model provided
better accuracy in predicting the PV panel’s behavior compared to the single
diode model[4].

11



2.1.4 Sensitivity Analysis of a New Approach to Photo-
voltaic Parameters Extraction based on the Total
Least Squares Method

To address the issue of photovoltaic module degradation and subsequent loss
of performance, another recent study proposed a new algorithm based on the
TLS method to extract the parameters of a PV cell from the output voltage
and current measurements. The study compared the performance of the TLS
and OLS approaches and demonstrated the e ectiveness of the TLS method in
identifying the parameters while taking into consideration the uncertainties in
the measured quantities[5].

2.1.5 Advancements in Photovoltaic Technology through
Machine Learning

In recent years, there has been a growing interest in using machine learning tech-
niques to improve the e ciency and performance of photovoltaic panels. Various
machine learning algorithms have been developed and applied to optimize the
design and operation of photovoltaic systems. The most commonly used ma-
chine learning algorithms for photovoltaic applications include Arti cial Neural
Networks (ANNS), Support Vector Machines (SVMs), Decision Trees (DTs),
Random Forests (RFs), and Gradient Boosting Machines (GBMs). These algo-
rithms can be used to predict the energy output of photovoltaic panels, optimize
their operation, and monitor their performance.

Recent studies have shown that machine learning algorithms can signi cantly
improve the accuracy of photovoltaic panel energy output prediction. For in-
stance, a study showed that using SVM algorithm where its parameters are
optimized using ant colony optimization (ACO) can increase the accuracy of
photovoltaic panel energy output prediction, predicting the energy output of
photovoltaic panels[6]. Another study compared the performance of di erent
machine learning algorithms in predicting the energy output of photovoltaic
panels and found that the RF algorithm had the highest accuracy[7].

Machine learning-based condition monitoring have also been used to optimize
the design and operation of photovoltaic systems. For instance, machine learning-
based PV condition monitoring has been discussed in three groups, shallow,
hybrid, and deep networks|[8].

12



2.2 Modelization and simulation of photovoltaic
panel

2.2.1 Solar Energy

The Sun is a star, a signi cantly large ball made up of scorching gases(75% hy-
drogen, 24% helium, and 1% other materials) and dusty (small solid particles)
plasma at a temperature of about 15 million degrees Celsius. The Hydrogen
atoms are transformed into helium by a massive thermonuclear fusion reaction,
taking into consideration the famous Einstein’s formula E=mc? where E is the
energy, m the mass, and c the velocity of light. Mass is converted into energy
and radiated in the form of electromagnetic radiation. This radioactive activity
is the source of the Sun’s energy. The Sun’s energy is emitted in the form of elec-
tromagnetic radiation, which is a form of energy that can travel through space.
The Sun emits electromagnetic radiation in the form of light, which is visible
to the human eye. The Sun also emits electromagnetic radiation in the form of
infrared radiation, ultraviolet radiation, X-rays, and gamma rays that are not
visible to the human eye. Visible light is a small part of the electromagnetic
spectrum but is the one that is more important for solar energy. Solar energy
comes from the Sun, and it’s captured by green plants through photosynthesis.

The size of the Sun is about 1.4 million kilometers, about 333 000 times the
size of the Earth planet. Each, directly or indirectly, our Sun provides all the
facilities that has existed and supports all life on earth. Within one hour, the
Sun radiates more energy than the entire world consumes in one year. Electro-
magnetic waves that generates light energy known as photons. These photons
do not have any physical mass of their own. However, they carry vast amounts
of energy. Di erent photons carry di erent wavelengths of sunshine. Figure 2.1
shows the wavelengths of the visible light spectrum[8]:

Rays X-Rays Rays Rays

Gamma [Ultraviolet Infrared
Radar

FM\'I'V

Shortvvavel AM

1x102 1x10%

13 1074 131072 13102 1x10% 110

Wavelength (in meters)

Visible Light

4 x 107 S5x 107 6 x 1077 7 x 1077
Wavelength (in meters)
- -
>
High Energy Low Energy

Figure 2.1: Light”s Wavelength[9]

The gure depicts the wavelength of light in meters along a single axis. The x-
axis displays the wavelength in meters, ranging from the shortest to the longest.
The representation showcases the varying wavelengths of light and their corre-
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sponding values in meters. This information provides an understanding of the
di erences in wavelength, which is a crucial aspect of light and electromagnetic
radiation.

The process of the photovoltaic e ect is observed when photons, which are
the energy carriers of the Sun, are absorbed by solar cells and then transformed
into either thermal or electrical energy. The signi cance of this process lies in
its ability to harness the tremendous energy of the Sun for a variety of uses.
The structure of solar cells is comprised of a junction between two distinct types
of semiconductors, and it is through these semiconductors’ properties that the
photovoltaic e ect is enabled. The following section will delve into the semi-
conductor world to examine their properties and how they play a role in the
functioning of solar cells[1].

2.2.2 Semiconductors

Atoms consist of a nucleus surrounded by negatively charged electrons. The
nucleus is made up of positively charged protons and neutral neutrons. The
number of protons in the nucleus determines the type of atom. The number
of electrons determines the charge of the atom. And the number of neutrons
determines the mass of the atom. Electrons of an isolated atom can have only
speci c discrete or quantized energy levels due to the quantum and mechanical
nature of the motion of the electrons. When atoms are close together, the elec-
tronic energy of individual atoms is changed by the interaction with the other
atoms. The electrons of an atom can be excited to a higher energy level by
absorbing energy from the environment. The electrons can also be de-excited
to a lower energy level by emitting energy into the environment. The energy
emitted or absorbed by an atom is equal to the di erence in energy between the
two energy levels and is called a photon. Thus the energy levels are sorted into
energy bands[10].

The theory of energy bands categorizes the energy levels into energy bands,

with the lowest energy band referred to as the valence band and the highest
band referred to as the conduction band.

14
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Figure 2.2: Bands Energy[11]

The gure above represents a band diagram for a semiconductor. A band dia-
gram is a visual representation of the energy levels of electrons in a solid mate-
rial. The diagram shows the conduction band, the small forbidden energy band,
and the valence band. The conduction band is the energy level where electrons
are free to move and conduct electricity. The small forbidden energy band is the
energy gap between the conduction and valence bands, where no electrons are
allowed to exist due to forbidden energy levels. The valence band is the highest
energy level occupied by electrons and is where electrons are tightly bound to
their parent atoms.

The valence band is the band of lower energy electrons. When electrons in
this band are excited, they can jump into the conduction band. The valence
band is just the outermost electron orbital of an atom of any speci ¢ material
that electrons occupy.

The conduction band is the band of higher energy electrons and electrons in
it are highly mobile. When the electrons are in these orbitals, they move freely
throughout the material. These are the electrons which carry electricity.

The energy di erence between the highest occupied energy state of the va-
lence band and the lowest unoccupied state of the conduction band is called
the forbidden gap. The forbidden gap is like an electrical energy barrier, as the
electrons can not move from the valence band to the conduction band, because
it needs energy for this. The gap is called forbidden because the transition from
the valence to the conduction band is only possible by absorbing a photon with
energy equal to or larger than the energy of the forbidden gap.

15



Semiconductors are materials that are imperfect conductors of electricity, ma-
terials that exhibit an intermediate electrical conductivity between conductors
such as metals and insulators such as glass. The conductivity of semiconductors
is in general lower than the conductors and higher than the insulators. In elec-
trical engineering, semiconductors are used as active components in solid-state
devices such as diodes, transistors, and integrated circuits. In a semiconductor,
an electric current is favored by two types of carriers: electrons and holes[12].

Pure silicon is an intrinsic semiconductor with a gap of about 1.12 eV. The
properties of a semiconductor can be controlled by doping it with impurities.
A semiconductor with more electrons than holes is then said to be of type N,
and the number of electrons exceeds the number of holes by one electron per
dopant atom. A semiconductor with more holes than electrons is said to be of
type P, and the number of holes exceeds the number of electrons by one hole
per dopant atom[13].

2.2.3 Silicon Doping

Doping of silicon means that atoms of other elements are added to the silicon
lattice. The substitution should be carried out by atoms with three or ve
valence electrons. There wise the replaced atom creates a hole in the valence
band, and consequently, the semiconductor is in a short circuit situation[14].

e Type N doping : If an atom with ve valence electrons is incorporated
into the crystal lattice, then this atom will have four bonds covalent and
a free electron. This weakly bonded electron can be easily excited to the
conduction band. In this kind of material, the number of electrons exceeds
the number of holes.

e Type P doping : If a trivalent atom is substituted for a silicon atom in
the crystal lattice, this atom creates three covalent bonds and one hole.
The transition from the valence band to the conduction band is then
favored since it decreases the electronic energy. In this kind of material,
the number of holes is larger than the number of electrons.

2.2.4 p-n Junction

A p-n junction is formed by two adjacent semiconductors of di erent doping
types. The semiconductor, whose doping is higher in one type of charge carrier,
is called a p-type semiconductor, and the semiconductor with an excess of the
other type of charge carrier is called an n-type semiconductor. When a p-type
and an n-type semiconductor are brought together, a junction is formed. The
junction will contain electrons on one side and holes on the other side. Since
electrons and holes are mobile charges, and because they are moving from one
side of the junction to the other, there is a spontaneous build-up of the elec-
trical eld at the junction. This creates a potential current of electrons from
the n-type material across the metallurgical junction into the p-type material.

16



The term \metallurgical junction™ denotes the interface between the n-type and
p-type regions.

The p-n junction is the key component of a solar cell, which converts the light
energy into electricity. When two materials with di erent electrical conductiv-
ities are joined together, the excess electrons from the n-type jump to |l the
holes in the p-type, and the holes from the p-type di use to the n-type side,
leaving the n-side of the junction positively charged, and the p side negatively
charged. The negative charge on the p-type side attracts the electrons from the
n-type side, and the positive charge on the n-type side attracts the holes from
the p-type side. The excess electrons from the n side then ow into a neighbor-
ing region called the di usion region to make an electrically neutral junction.
Therefore, a p-n junction behaves like a diode. The di usion of electrons and
holes into the opposite regions is the reason why diodes have asymmetric 1V
characteristics, i.e., they work as recti ers. This is the essential property of a
solar cell, which makes the production of electricity out of sunlight possible.

In the p-type semiconductor, because the doped atoms are of the same type as
the majority charge carriers, the doped atoms are not able to accept electrons.
Therefore, the doped atoms are called acceptors. In the n-type semiconductor,
because the doped atoms are of the same type as the minority charge carriers,
the doped atoms are able to accept electrons. Therefore, the doped atoms are
called donors[15].

n-type semiconductor

FE S 3

p-type semiconductor

Figure 2.3: Schematic diagram of a p-n junction[16]

The gure above represents a schematic diagram of a p-n junction. It shows
both types of semiconductors, n-type in the part above, and p type in the part
below, forming a junction where they meet. The n-type semiconductor is cre-
ated by doping the semiconductor material with impurities that have one less
valence electron than the semiconductor material, and is represented by a nega-
tive sign (-). On the other hand, the p-type semiconductor is created by doping
the semiconductor material with impurities that have one more valence electron
than the semiconductor material, and is represented by a positive sign (+).

17



2.2.5 Photovoltaic E ect

The photovoltaic e ect is a phenomenon discovered in the early 19th cen-
tury when a French physicist Alexandre-Edmond Becquerel, observed that light
falling on certain semiconductor materials creates an electric eld in it. When
a photon enters a photovoltaic material, it can be re ected, absorbed, or trans-
mitted depending on the amount of energy this photon has.The energy of the
electron is increased by the amount of energy of the photon absorbed by a va-
lence electron of an atom. If the energy of the photon is more than the energy
required for the electron to jump to the conduction band, the electron will jump
to the conduction band, where it can move freely. In the case of a silicon ma-
terial, which has an energy gap of 1.12 eV the energy of the photon must be
more than this, for the transition of an electron to take place which generate
an electrical charge. So the more photons that are absorbed by the solar cell,
the more charge is generated. Typically a photovoltaic cell that absorbs 1 J of
energy generates 1 C of charge.

But even the energy of the photon is very high, it can make jump only one
electron it can make jump only one electron, the rest of the energy is lost as hit.

Solar radiation

Soldered metal
conducts \

-] n-type

Electron flow i
|

External load

i

>
l

Figure 2.4: Photovoltaic e ect[16]

The gure above shows a diagram of a typical photovoltaic cell, which consists of
two semiconducting materials with di erent doping levels, typically p-type and
n-type silicon. The p-type semiconductor has an excess of positively charged
"holes™ (vacancies in the valence band) while the n-type semiconductor has an
excess of negatively charged electrons.
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When light (photons) from the sun hits the surface of the photovoltaic cell, it
excites electrons in the semiconductors, causing them to move from the n-type
semiconductor to the p-type semiconductor. This creates a potential di erence
or voltage between the two layers of the cell, which causes electrons to ow from
the p-type to the n-type semiconductor through an external circuit, generating
an electrical current. This ow of electrons creates the electrical power output
of the photovoltaic cell.

2.2.6 Photovoltaic Cell

Semiconductors are the electronic components of PV cells. PV cells consist of
two or more thin layers of semiconducting material, most commonly silicon, that
is prepared in such a way that one part of the atoms of the material becomes
negatively charged and the other part becomes positively charged. Facing the
sun to convert directly the sunlight into electricity is known as the Photovoltaic
e ect. PV cells have been marketed under the name Solar Cells for about a
century.

Solar cells generate most of their electricity from direct sunlight. However,
solar cells typically generate little electricity under clouds or during the night
on bright moonlit nights. Individual solar cells typically only generate tiny
amounts of electricity. If any of these cells are connected and stacked up, a
panel of cells is created. Larger arrays of solar cells provide more electricity and
more power than single solar cells.

2.2.7 PV Cell Modelization

A PV generator is mainly an assembly of solar cells, connections, protective
parts, and supports. The photovoltaic e ect applied into a photovoltaic cell
could be represented as the electrical circuit in gure 1 where the diode rep-
resents the n-p junction, the current source represents the photon energy, the
series resistance Rgs represents the resistance inside each cell and the diode”s
internal shunt resistance Rgp .
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Figure 2.5: Single-diode electrical equivalent circuit of the PV cell
[17]

The gure above represent a single-diode electrical equivalent circuit of a photo-
voltaic (PV) cell, it consists of four main components: a current source, a shunt
resistance, a series resistance, and a single diode. The current source represents
the current generated by the PV cell in response to sunlight, while the shunt
resistance represents the current leakage caused by defects in the cell’s semi-
conductor material. The series resistance accounts for the internal resistance of
the cell, which can be due to various factors, such as the resistance of the metal
contacts and interconnects. Finally, the single diode models the non-linear rela-
tionship between the cell’s current and voltage, which arises from the properties
of the semiconductor material.

The mathematical model of a photovoltaic cell using Kirchho law :

q(vV + IRs) _V+IRs

kT -1} Rer 2.1)

1. kg : Boltzmann'sgasconstant = 1:381 x 10 2® J/K

T. : absolute temperature of the cell (K)

V : voltage imposed across the cell (V)

Is : dark saturation current, which depends strongly on temperature (A)
n : junction idealisation factor

q : electronic charge = 1.602 x10 1° J/Vv

Rs : series resistance ( )

© N o g ~ w Db

Rsh: Shunt resistance or the parallel resistance ( )

20



When the cell is short-circuited, the current is at maximum (short-circuit cur-
rent, lsc), and the voltage across the cell is 0.

And when the PV cell circuit is open, the voltage is at its maximum (open-circuit
voltage, Voc), and the current is 0.

In this subsection, the topic of discussion was the photovoltaic cell modelization.
It is considered a vital aspect in determining the behavior and performance of
a photovoltaic system. To model the photovoltaic cell accurately, it is neces-
sary to estimate its parameters. That’s where the Newton-Raphson method
comes into play. This method is a popular numerical method used to estimate
parameters in many applications, including photovoltaic cell modelization. In
the following section, the application of the Newton-Raphson method to pho-
tovoltaic cell modelization will be explored, leading to a more accurate and
dependable estimation of the cell parameters.

2.2.8 The Newton Raphson Method

The Newton-Raphson Method is an iterative method used to nd the roots of a
function. It consists of in estimate of a given function f(x) with an initial guess.
It”s a very simple method, but it is very e ective. The method is based on the
fact that the tangent line to a function at a point is a good approximation to
the function itself[18].

The method is obtained through the Taylor series expansion in (X - Xg) given
below:

f(x) = F(xo0) + F'(X0) (X — Xo) + %foo(xo)(x —Xg)+ =0 (2.2)

It is said that when the initial guess is close to the real root of the equation, the
value of (x-Xg) is small, and only the rst terms are signi cant for calculating
the root, based on Xp. By cutting o the series in the second term, the general
formula of the Newton-Raphson method can be derived[20].

~ fxo)
(o)

X1 = Xo 2.3)

Therefore, given X, the point Xnh+1 will be obtained by intersecting the tangent
line at f(x) in X, with the x axis.

T(xn)

" i) (2.4)

Xn+1 = Xn

The convergence of the Newton Raphson Method is guaranteed for a certain
interval [a,b] containing the root of f(x), provided that f(x) and f'(x) are con-
tinuous in this interval and that f( ) = 0, where s the root of f(x).
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Figure 2.6: Newton Raphson Method Graph representation[20].

The x-axis of the graph above represents the iteration number, while the y-axis
represents the error between the current estimate of the root and the actual
root. It shows a curve that starts at an initial error value Xo and decreases as
the algorithm progresses through its iterations. While the curve approach zero,
the algorithm converges on the root.

2.2.9 Theoretical Simulation

Using lpnh = 0:8A;1s = 10 SA; T, = 198;5K;n = 1:5;Rs = 0:01 ;Rey = 50 ;
the following graphics (Figure 3 and 4) of current depending on voltage and
power depending on voltage has been reached.
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Figure 2.7: Representative current-voltage curve for photovoltaic cells

Figure 2.7 is a graphical representation of the relationship between the current
generated by the PV cell and the voltage applied across it. The curve is used to
determine the operating point of the PV cell and to calculate its e ciency. The
current-voltage (1-V) curve is created by plotting the current generated by the
cell against the voltage applied to it. The I-V curve is unique for each PV cell
and is dependent on various factors such as temperature, light intensity, and
material quality.
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The 1-V curve’s shape exhibits a sharp rise in current at lower voltage lev-
els, followed by a gradual decline as voltage increases. At the point where the
curve reaches its highest value, it is designated as the maximum power point
(MPP). The MPP is considered the optimal operating point for the PV cell, as
it corresponds to the maximum power that the cell can generate given speci ¢
circumstances

Shunt resistance is usually much bigger than a load resistance, whats means
that less power is dissipated internally within the cell. Therefore, by ignoring
these two resistances, the equation become:

= . VoV
I =1lpnh —Ip = Ipn — Is{exp . 1} Rer (2.5)

The output power, P, from a photovoltaic cell is given by

P=1V (2.6)
P = {Ipn — ls{exp nlj;/TC 1 - RVSh W 2.7)
.
i
wy

Figure 2.8: Representative power-voltage curve for photovoltaic cells

Figure 2.8 is a graphical representation of the output power of a photovoltaic
cell as a function of the voltage. This curve is typically plotted using the charac-
teristic values of the photovoltaic cell, such as the photocurrent, the saturation
current, the temperature coe cient, and the shunt resistance. The curve is im-
portant because it allows us to determine the maximum power point (MPP),
which is the operating point of the photovoltaic cell that produces the maximum
output power. This information is crucial in designing photovoltaic systems as
it helps to optimize the system’s e ciency.
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2.2.10 Simulation With Noise

Theoretical values often yield results that di er from experimental ndings. To
achieve results that more closely re ect reality and follow a normal distribution,
a degree of randomness with a certain standard deviation can be introduced.
The graphics shown below (Figure 6 and 7) utilize a standard deviation of 2.5%:
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Figure 2.9: Representative current-voltage curve for photovoltaic cells with noise

Figure 2.9 shows the relationship between the current and voltage of a pho-
tovoltaic cell when there is external interference, such as electrical noise, that
a ects the performance of the cell. The presence of noise can cause uctuations
in the current-voltage curve, resulting in deviation from the expected results.
This deviation can be seen as variations in the slope or shape of the curve, which
can have a signi cant impact on the output power of the photovoltaic cell. It is
therefore important to consider the e ects of noise in photovoltaic cell modeling
and simulation to accurately predict the performance of the cell in real-world
applications.
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Figure 2.10: Representative power-voltage curve for photovoltaic cells with noise
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Figure 2.10 shows the relationship between the power and voltage of a photo-
voltaic cell, with added noise. The curve shows how the power output of the
photovoltaic cell varies with the voltage, while taking into account the e ect of
noise.

The new ndings, while not deviating signi cantly from theoretical values, are
more realistic. The results reveal that the region of the curve most impacted by
the introduced randomness is the area of the MMP.

Despite the simulation incorporating randomness, the measurements obtained
are not entirely indistinguishable from real-world data. To enhance the accu-
racy of the results, it is recommended to process them through an Analog to
Digital Converter (ADC)[21].

2.2.11 Analog To Digital Converter

An analog-to-digital converter is a device that converts an analog signal, such

as those captured by microphones, into a digital signal. This type of electronic

device is commonly used in electronic devices. The resolution of an ADC di ers

from one to another, and its complexity is also decided to depend on the com-

plexity of the operation. An ADC converts continuous time and amplitude into

digital time and amplitude. The process is showed in the Flow Chart below in
gure 2.11:

Period = Vmax - Vmin

Size = Period/(2*n-1)

Round =
floor(Signal/Size)

Digital = Round*Size

Figure 2.11: ADC Flowchart
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The ADC owchart describes a step-by-step process for converting an analog
signal into a digital signal using an Analog-to-Digital Converter (ADC). It be-
gins by determining the number of bits that will be used to represent the digital
signal. Next, the voltage range of the analog signal is determined by subtract-
ing the maximum voltage from the minimum voltage, and this value is assigned
to a variable called "Period". The voltage range is then divided into equal in-
tervals, each of which is assigned a value called "'Size". The analog signal is
then divided into intervals of size, and each interval is assigned a digital value.
The digital value is obtained by multiplying the rounded interval value with the
interval size. Finally, the digital value obtained is returned as the output of the
ADC conversion process. Overall, the ADC owchart provides a systematic and
logical approach for converting analog signals into digital signals with a xed
number of bits, a de ned voltage range, and a speci c resolution.

2.3 Analysis of I-V and P-V characteristics

2.3.1 E ect of Solar Radiation Variation

The variation of both 1-V and P-V curves will be examined by altering the solar
radiation values. Speci cally, three distinct values (500, 1000, and 2000 W/m?)
will be utilized for this purpose.
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(a) 1-V characteristics (b) P-V characteristics

Figure 2.12: Characteristics with varying solar irradiation

The gure presented above demonstrates that:

< In a current-voltage curve (I-V), the increase of solar radiation is accom-
panied by an increase of short circuit current (Isc) and open circuit voltage

(Voc)
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e An increase in solar radiation from 500 to 1000 W/m? resulted in a 0.2
A increase in lsc and a 0.01 V increase in Voc, While an increase in solar
radiation from 1000 to 2000 W/m? resulted in a 0.4 A increase in lsc and
a 0.025 V increase in Vo

< In a power-voltage curve (P-V), the increase in solar radiation is accom-
panied by an increase in maximum power

< An increase in solar radiation from 500 to 1000 W/m? resulted in a 0.0422
W increase in Pmax and a 0.01 V increase in Vo¢, While an increase in solar
radiation from 1000 to 2000 W/m? resulted in a 0.0971 W increase in Prmax
and a 0.025 V increase in Vo

2.3.2 E ect of Cell Temperature Variation

The variation of both I-V and P-V curves will be examined by altering the
temperature values. Speci cally, three distinct values (20, 40, and 60 °C) will
be utilized for this purpose.
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(a) 1-V characteristics (b) P-V characteristics

Figure 2.13: Characteristics with varying cell temperature

The gure above displays that:

e The increase in cell temperature is accompanied by a decrease in open
circuit voltage and an increase in short-circuit current

e Anincrease in cell temperature from 20 to 40 °C resulted in a 0.1 A increase
in Isc and a 0.01 V decrease in Voc. On the other hand, an increase in
cell temperature from 40 to 60 °C resulted in a 0.1 A increase in lsc and
a 0.005 V decrease in Vg

< The increase in cell temperature is accompanied by a decrease in maximum
power
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e An increase in cell temperature from 20 to 40 °C resulted in a 0.02 W
decrease in Pmax and a 0.03 V decrease in Voc. Moreover, an increase in
cell temperature from 40 to 60 °C resulted in a 0.017 W decrease in Pmax
and a 0.02 V decrease in Vo

2.3.3 E ect of Shunt Resistance Variation

The variation of both I-V and P-V curves will be tested by changing the shunt
resistance values, using three di erent values of 10, 50, and 100
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(a) 1-V characteristics (b) P-V characteristics

Figure 2.14: Characteristics with varying Shunt Resistance

The gure above shows that:

e The increase of shunt resistance is accompanied by an increase in open
circuit voltage and stability in short circuit current

< Shunt resistance is used to measure high currents and it is connected in
parallel. With the increase of shunt resistance, both open circuit voltage,
and maximum power both the current-voltage (I-V) and power-voltage (P-
V) curves, it can be observed that increasing the shunt resistance results
in a decrease in the drop of the functions.

2.3.4 E ect of Diode Reverse Saturation Current Varia-
tion

The variation of both the current-voltage (I-V) and power-voltage (P-V) curves
will be tested by changing the diode reverse saturation current I values. In
this case, three di erent values will be used: 1, 20, and 100 nA.
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Figure 2.15: Characteristics with varying diode reverse saturation current

The gure above illustrates that:

* The increase of diode reverse saturation current (lg) is accompanied by a
decrease in open circuit voltage and stability in short circuit current

e The increase of diode reverse saturation current (ls) is also accompanied
by a decrease in maximum power output

< In both the current-voltage (I-V) and power-voltage (P-V) curves, it can
be observed that increasing the shunt resistance results in an increase in
the drop of the functions.

2.4 Five Parameters Model

This photovoltaic cell is characterized by its equivalent plan consisting of a con-
stant current source representing a solar cell’s photocurrent. This current varies
according to the temperature of the photovoltaic cells and the irradiance level
to which they are subjected. This current is connected in parallel to a diode
that has an ideality factor n to account for the recombination of electrons in
the depletion region of a p-n junction solar cell. In other words, the voltage
drop across the p-n junction of a solar cell. This model accounts for the losses
due to the module”s series and parallel resistance. The serial resistance is due
to the contact resistance and the resistance of the conductors and the shunt”s
resistance is due to resistance in the electrical connection of the solar cells.
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The equivalent circuit of this model is represented in the gure bellow:

Figure 2.16: Single diode model [16]

The mathematical model is given by :

q(vV + IRs) V + IR

nkeTe YT TRa (2:8)

sh

Its an equation with 2 unknowns (I and V) and ve parameters to determinate.
These parameters are:
= lpn: photo-current (A)

< |s: diode reverse saturation current (A)

n: diode ideality factor

Rs: series resistance ()

Rsh: Shunt resistance or the parallel resistance ( )

2.5 Seven Parameters Model

The Seven Parameter Model is a mathematical representation of the perfor-
mance of photovoltaic (PV) panels. This model accounts for the e ects of
various environmental factors on the performance of a PV panel, such as tem-
perature, light intensity, and angle of incidence. The seven parameters include
the short-circuit current, open-circuit voltage, maximum power point voltage,
maximum power point current, temperature coe cient of short-circuit current,
temperature coe cient of open-circuit voltage, and temperature coe cient of
power. These parameters are used to create an accurate model of a PV panel’s
electrical performance, which is crucial for optimizing the design and perfor-
mance of solar power systems. By considering these seven parameters, engi-
neers can predict the energy output of a PV panel under di erent conditions
and make necessary adjustments to improve its e ciency.
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This photovoltaic cell is the same as a ve parameters photovoltaic cell, but
instead of one diode, this model consists of 2 diodes in parallel. The equivalent
circuit of this model becomes:

Inn Iz +

lph !DI ! D> §R5h 174

Figure 2.17: double diodes model [16]

The gure above represents the double-diode electrical equivalent circuit of a
photovoltaic (PV) cell, which is a more complex model than the single-diode
equivalent circuit. In addition to the four components of the single-diode model
- a current source, a shunt resistance, a series resistance, and a diode. The
double-diode model includes an additional diode to account for the recombi-
nation losses that occur within the PV cell. This more accurate model better
represents the behavior of the PN junctions in the PV cell, and is therefore more
suitable for analyzing and optimizing the performance of PV cells in practical
applications.

The mathematical model becomes:

gV +IRs)
nikeTc

q(v +1Ry) _1}_V+IRS
nszTc Rsh
2.9

I =lpn — ls1{exp — 1} — Is2{exp

Which is an equation with 2 unknowns (I and V) and seven parameters to
determinate. These parameters are:

e Ipn: photo-current (A)

e lg1: rst diode reverse saturation current (A)

* ls2: second diode reverse saturation current (A)
e n;: rst diode ideality factor

< ny second diode ideality factor

e Rg: series resistance ()

* Rgn: Shunt resistance or the parallel resistance ( )
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2.6 Dependency on external and internal pa-
rameters

Several parameters a ect, directly and indirectly, the e ciency and the power
output of a photovoltaic panel. To improve the performance of the device and
to make it more predictable, it is important to understand the relation between
the most important characteristics of a photovoltaic panel and the di erent
parameters. Those parameters divide into internal and external ones[22].

2.6.1 Internal parameters

Internal parameters, or device-dependent parameters, determine the behavior of

the photovoltaic panel and have a signi cantin uence on its performance. These

parameters are typically identi ed using simple electrochemical measurements,

such as short-circuit current Isc, open-circuit voltage Voc, maximum power

point MPP, the maximum power generated by the photovoltaic panel, and the
Il factor (FF).

Photocurrent

The photocurrent is produced in PV cells in direct proportion to the inten-
sity of incident radiation and depending on the technical characteristics of the
PV panel. Under normal operating conditions, the intensity of solar radiation
changes by a few percent, resulting in a change in the amount of photocurrent
generated in the cell. It should be noted that the temperature also a ects the
output of the PV panel and reduces itse ciency. The current I, for a period of
hours, when the sensor is illuminated, is calculated by the following expression:

ton = o [lse + (T~ T)] (2.10)

Where:
= G: intensity of solar radiation (W=m?)

Gn: intensity of solar radiation at standard conditions (W=m?)

: Temperature coe cient of the short circuit current (A/K)

T: cell”s internal temperature (K)

Tn: cell”s internal temperature in the standard test condition (K)

lsc: short circuit current (A)

Internal cell temperature

The internal cell temperature is the temperature of the PV cell, which is the
main factor a ecting the e ciency of the photovoltaic panel. The temperature
of the PV cell is determined by the temperature of the environment, the intensity
of solar radiation, and the heat generated by the PV cell itself.
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Fill factor

The |l factor (FF) is another important parameter that characterizes the per-
formance of a photovoltaic panel. It represents the ratio of the maximum power
that can be obtained from a solar cell to the product of the open-circuit voltage
and short-circuit current. In other words, the |l factor indicates how well a
solar cell can convert sunlight into electricity.

The Il factor is in uenced by various factors, such as the internal resistance of
the cell, the quality of the contacts between the cell and the external circuit,
and the non-uniformity of the cell material. Typically, the Il factor ranges from
0.5 to 0.8, and higher Il factors indicate better performance of the solar panel.

To optimize the performance of a photovoltaic panel, it is important to care-
fully select the materials and manufacturing processes used in its construction,
as well as to take into account factors such as the internal cell temperature and
the diode ideality factor. By optimizing these parameters, it is possible to in-
crease the e ciency and performance of a solar panel, making it a more e ective
and sustainable source of energy.

The |l factor (FF) is de ned as the ratio of the maximum power output of
a solar cell to the product of its open-circuit voltage (Voc) and short-circuit
current (Isc), and is expressed mathematically as:

Pmax
FF = ———— 2.11
Voc x Isc (2.11)
Where Pmax is the maximum power output of the cell, and Voc and Isc are the
open-circuit voltage and short-circuit current, respectively.

Diode ideality factor

The diode ideality factor is a parameter that compares how much our diode
di ers from an ideal diode. It describes the level of imperfection in the diode.
For an ideal diode, this factor would be equal to 1. This parameter depends on
the manufacturing process of the diode and especially on the kind of material
used. For instance, the ideality factor of a silicon diode is usually 1.5.

Diode reverse saturation current

The diode reverse saturation current is the current that ows through the diode

when it is reverse-biased. It has a high impact on the behavior of solar pan-

els. Mainly, ita ects the current-voltage characteristic and limits the maximum

current in the circuit. It is controlled by temperature. Diode reverse saturation

current depends on the quality of solar panels and manufacturing process tech-

nology. The mathematical equation to calculate this current is as the following:
T ® Eg 1 1

ls =1y — I 2.12
s=ln exp ke T. T (2.12)
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Where:

Eg: band gap energy (eV)

kg : Boltzmann constant (J/K)

n: diode ideality factor

T: cell” s internal absolut temperature (K)

" T,: cell's internal temperature in the standard test condition (K)
g: electronic charge (C)

Isn: internal diode current in the standard test condition (A) and it's
calculated as the following :

| = s (2.13)

exp

Where:

{ lsc: short circuit current (A)
{ Vuc: open circuit voltage (A)
{ V4: thermal voltage and its calculated as the following :

_ kT

V
T7 g

(2.14)

Series resistance

Series resistance is situated in series with the diode and it a ects the model
output but not signi cantly, especially if the load resistance is large enough The
in uence of series resistance is negligible compared to the in uence of shunt
resistance. lIts initialized by the following equation:

dv

Re = -
s di

(2.15)
V =Vqc

Shunt resistance

Shunt resistance is situated parallel to the diode so, when there is a voltage
applied and the current ows through the diode, it creates a voltage drop. It
also a ects the model s output. Lower shunt resistance causes a higher voltage
drop and a lower output current of the model. Increased temperature leads to
a lower shunt resistance value. lIts initialized by the following equation:

dv

Rsh = dT

(2.16)

I=1s
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2.6.2 external parameters

The external parameters that a ect the performance of a photovoltaic panel
could be environmental such as irradiation and temperature and could be phys-
ical such as the shadow of an obstacle that interrupts irradiation or decreases
temperature.

Environmental Parameters

There are di erent environmental parameters such as irradiation, wind speed,
ambient temperature, humidity, and rain that in uent the performance of the
photovoltaic system. Most of the parameters in uence indirectly the system's
e ciency by aecting the two most important parameters that have a high
impact on the performance of PV systems. The most important parameters are
solar irradiation and ambient temperature:

1. Irradiation: is a key factor in solar energy conversion and it could be
measured using a pyranometer. It is the amount of energy received by a
surface per unit of time. This energy is received as electromagnetic radia-
tion from the sun. The amount of energy received by a surface depends on
the angle of incidence of the sun's rays, the angle of inclination of the sur-
face, the time of the day, the season of the year, the latitude of the place,
the presence of clouds, etc. The amount of energy received by a surface
is measured inW=m?. With su cient solar radiation, photovoltaic cells
generate DC voltage and current, which can be used to power electrical
equipment.

2. Ambient temperature: this is an important factor in solar energy conver-
sion and it could be measured easily by a thermometer. Photovoltaic cells
operate with ideal e ciency in the range of 20 to 70°C. If the temperature
is lower than 20°C, the e ciency decreases slightly. The reason for this
is the reduction in mobility of the photovoltaic cells' atoms, which has a
direct impact on the energy produced. Conversely, if the temperature is
greater than 70°C, the e ciency decreases signi cantly, as the photovoltaic
cells increase their resistance and limit the current ow. In addition to
the decrease in e ciency, temperature increases the degradation rate of
the photovoltaic panels, so they should be kept at a temperature as low
as possible.

Shadow of Obstacle on PV Panel

The photovoltaic panels have their potential power a ected by the shadow of
obstacles. This can result in a decrease or even complete loss of performance for
the PV array. Shadows from buildings, trees, or other objects, as well as dust
and physical damage to the panels, are examples of obstacles that can cause
this reduction. These obstacles can be divided into two categories:
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1. Short-period shading: a short-term shadowing or temporary shadow. It
usually lasts only a few seconds. Short-term shadows can be caused by
birds, leaves, or clouds. There are also shadows from passing clouds, that
are moving with the clouds. It is also called a time-dependent obstacle
because time can change obstacle behavior.

2. Long-period shading : or long-time shadow is a long, xed obstruction
and is also called a time-independent obstacle. This type of obstacle is
xed to a certain place and does not change its position over time, and
it creates a permanent shadow (for example, buildings, trees, land cover,
etc...).

2.7 Generation of measurements database

An existing database is utilized for the purpose of training the model. The
database comprises 21046 samples of location, weather, and power measures
gathered over a period of 14 months, from May 2017 to October 2018. These
measures were taken at 12 distinct locations situated in the northern hemisphere
and consist of 17 features that provide descriptions of the weather, location, and
output power of the photovoltaic panels.

Let take a look of the rst ve rows of the data:
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The data can be separated into 3 types or categories:

" Location: are inputs that describe or have relation to the place of this data
was measured. It consists of location, latitude, longitude, and altitude
inputs.

" Date or timing: are inputs that describe or have relation to the position
of the panels. It consists of date, time, month, YRMODAHRMI, hour,
and season.

" Weather: are inputs that describe or have relation to the weather. It
consists of humidity, ambient temperature, wind speed, visibility, pressure,
and cloud ceiling.

Figure 2.18 represent the di erent locations that will be use within this project.

Figure 2.18: Locations
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The locations in our data consist of :
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In the subsequent chapter, a measurement system is established using an ESP32
model and a variety of sensors, in order to obtain new and realistic data related
to the solar panel. This will aid in enhancing the accuracy of the machine-
learning model.
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Chapter 3

Embedded system

In this chapter, the con guration and programming of an ESP32 model is car-
ried out for the purpose of taking the necessary measurements, formatting them,
and storing them in the database. The measurement system plays a crucial role
in data acquisition in the project. Given the limited time and resources, the
measurement will be added to the existing database to improve the model in
the future. The con guration of the ESP32 circuit using a few sensors is the
rst step. Then, the model is programmed to retrieve values from the sensors.
Finally, the obtained data is formatted and stored in the database.
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3.1 Literature Review of Supporting Techniques

The data acquisition processes described in this chapter are supported by sev-
eral techniques that have been documented in the literature. These techniques
include the use of microcontrollers such as the ESP32 for data collection and
processing, and the use of breadboards for connecting sensors and other hard-
ware components.

Microcontrollers have been widely used for data acquisition due to their ability

to collect and process data from various sensors. Some articles discusses how
microcontrollers can be programmed to perform speci c tasks such as Itering
and analyzing data. This makes them a versatile tool for data acquisition in
various applications[23].

Breadboards are also commonly used for connecting hardware components in
data acquisition systems. Some books provides step-by-step instructions on how
to use a breadboard to connect various components such as sensors and micro-
controllers. She also provides tips on how to troubleshoot common issues that
may arise when using a breadboard[24].

In conclusion, the literature reviewed in this section provides valuable support
for the data acquisition processes described in this chapter. Further research can
uncover additional techniques that may be applicable to speci c applications.

3.2 Con guration

To successfully complete the data acquisition processes described in this report,

several pieces of hardware must be con gured to take the necessary measure-
ments. This section describes the hardware requirements for achieving this step

and includes images of the devices.

3.2.1 Hardware requirements

An ESP32 microcontroller is utilized and connected to a breadboard for this
project. Additional sensors are also connected to the breadboard.
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